In this paper, we consider queue-aware beamforming control for video streaming applications in multi-antenna interference network. Using heavy traffic approximation technique, we first derive the diffusion limit for the discrete time queuing system. Based on the diffusion limit, we formulate an infinite horizon ergodic control problem to minimize the average power costs of the base stations subject to the constraints on the playback interruption costs and buffer overflow costs of the mobile users. To deal with the queue coupling challenge, we utilize the weak interference coupling property in the network to derive a closed-form approximate value function of the optimality equation as well as the associated error bound using perturbation analysis. Based on the closed-form approximate value function, we propose a low complexity queue-aware beamforming control algorithm, which is asymptotically optimal for sufficiently small cross-channel path gain. Finally, the proposed scheme is compared with various baselines through simulations and it is shown that significant performance gain can be achieved.
I. INTRODUCTION It is anticipated that there will be 1000 times increase in capacity demand by 2020 and this poses great challenges in the design of future 5G wireless systems. On one hand, the huge capacity demand means that one has to reuse the limited bandwidth more aggressively and this poses interference problems in the wireless networks. On the other hand, a significant portion of the capacity demand will come from high quality video streaming applications [1] , [2] . Unlike conventional data applications, supporting wireless video streaming is very challenging due to the strict quality of service (QoS) requirements in terms of delay and probability of video playback interruption over the time-varying wireless channels.
Specifically, there are two performance metrics associated with video streaming applications, namely the playback interruption and buffer overflow. In order to support smooth video playback, the playback buffer that stores incoming video packets at the mobile users is not allowed to underflow even though the packets are transmitted over unreliable wireless channels. An underflow event at the playback buffer will cause an interruption during the video playback and is therefore undesirable. Similarly, there is always limited buffer size at the playback side and buffer overflow will cause incoming video packets to be dropped and this results in wastage of wireless resource used to transmit these dropped packets.
There are a number of works that consider video streaming over wireless networks. In [3] , the authors analyze the probability of interruption in media playback for a wireless link using the martingale theory.
However, there is no adaptive control considered. In [4] , [5] , the authors propose adaptive media playback algorithms, which allow the users to vary the playback rate of the media frames depending on the channel conditions. However, they did not consider control adaptation to the queue length information in the playback buffer. In [6] , [7] , the authors consider a fully dynamic control for media streaming over wireless links using the Markov Decision Process (MDP) approach [8] , [9] . The power and playback rate of the video server is adaptive to the instantaneous channel state information (CSI) and the queue state information (QSI) of the playback buffer in a point to point wireless link by minimizing both the power consumption and the interruption cost. The optimal control policy is obtained by solving the Bellman equation using conventional value iteration algorithms [9] . However, the value iteration algorithm only gives numerical solutions to the stochastic optimization problem, which suffers from slow convergence and lack of insight. Furthermore, extension to the multi-user video streaming is highly non-trivial due to the curse of dimensionality issue.
In this paper, we consider dynamic beamforming control for a K-pair multi-antenna interference network to support real-time video streaming applications. We consider minimization of the average transmit power at the base stations (BS) required to support the target QoS requirements of the mobile users in terms of both the playback interruption costs and buffer overflow costs for the K video streaming flows over the interference network. The control policy is adaptive to the instantaneous CSI (which captures good opportunity of transmission) and the QSI (which captures the urgency of the data flows) of the playback buffer. There are various first-order technical challenges that need to be addressed.
• Challenges due to the Queue-Dependent Control: In order to maintain low playback interruption and buffer overflow costs for video streaming, it is important to dynamically control the beamforming vectors at the transmitters in the interference network based on the CSI and the QSI. As a result, the underlying problem embraces both information theory (to model the physical layer dynamics) and the queueing theory (to model the playback buffer dynamics) and is an infinite horizon stochastic optimization [8] , [9] . Such problem is well-known to be very challenging due to the infinite dimension optimization (w.r.t. policy) and lack of closed-form characterization of the value function in the optimality equation (i.e., the Bellman equation).
• Challenges due to the Video Streaming Requirements: There are many works dealing with the delay-optimal control for wireless networks. For example, Lyapunov optimization has been used in [10] , [11] to derive queue-stabilizing policies. Large derivation theory has been used to bound the tail probability of the queuing process in [12] . In [13] , [14] , delay-optimal control is considered to minimize the weighted sum average queue length of a multiuser wireless network using the MDP approach. However, for video streaming applications, the key performance metrics are the playback interruption and buffer overflow costs rather than the average delay cost. Hence, these existing approaches cannot be directly applied to the video streaming applications.
• Complex Coupling of the K Queues: The K video streaming flows have coupled queue dynamics due to the interference in the wireless network. Specifically, the transmit data rate of each flow not only depends on its own action but also depends on the beamforming control actions of the other transmitters via the interference. As a result, the associated stochastic optimization problem is Kdimensional and brute-force solution has exponential complexity in K, which is highly undesirable.
In this paper, we overcome the above challenges as follows. Unlike conventional approaches that model the problem using the discrete time MDP, we adopt a continuous time approach under diffusion approximation [15] , [16] . Using the heavy traffic approximation technique, the continuous time queue dynamics of the K video streams are governed by a K-dimensional reflected Itô stochastic differential equation. There are some existing works that apply heavy traffic diffusion approximation for analysis and control of communication networks. In [17] , [18] , the authors consider the one-dimensional ergodic control problem in a time-varying wireless channel, but the approach cannot be generalized to multidimensional problems. Furthermore, in these works, the wireless channel is either assumed to be static or discrete and it is non-trivial to apply the heavy traffic approximation to our case with continuous wireless channels. Based on the continuous time stochastic queue dynamics, we formulate the problem as an infinite horizon ergodic control problem [16] in which we minimize the average power costs of the BSs subject to the constraints on the playback interruption costs and buffer overflow costs of the mobile users.
We derive the average cost optimality equation (ACOE) and the sufficient conditions for optimality. To deal with the queue coupling challenge, we consider a weakly coupled interference network 1 and adopt perturbation analysis to derive a closed-form approximate value function of the K-dimensional ACOE and the associated error bound. Based on the closed-form approximate value function, we propose an asymptotically optimal low complexity queue-aware beamforming control algorithm. Finally, we compare the proposed algorithm with various baselines through simulations and show that significant performance gain can be achieved.
II. SYSTEM MODEL
In this section, we introduce the architecture of the wireless video streaming system, physical layer model as well as the playback queue model.
A. Architecture of the Wireless Video Streaming System Fig. 1 shows a typical architecture of the wireless video streaming system. The raw video contents are pre-compressed and saved in the storage devices in the video streaming server (VSS). There are K users streaming video files from the VSS via a radio access network (RAN). Specifically, upon the request from the users, the VSS retrieves the pre-stored video file and transmits it to the users over the RAN. Each mobile user k consumes the received video packets at a constant playback rate µ k . Furthermore, the RAN consists of K BSs, which are connected to the VSS via a high speed backhaul network over a wired link.
Each BS k sends information to mobile user k. Each BS is equipped with N t ≥ K antennas and each user is equipped with a single antenna. All the K BSs share a common spectrum with bandwidth W Hz and hence, they potentially interfere with each other. In this paper, the time dimension is partitioned into decision slots indexed by t with slot duration τ . 
B. Physical Layer Model of the RAN
Based on the architecture of the video streaming system, the RAN and the K users actually forms a K pair MISO interference network 2 . Due to the limited bandwidth and the cross-channel interference, the RAN is the performance bottleneck of the video streaming system. To deal with the interference issue, joint beamforming [19] is adopted in which BS k transmits video data to receiver k and at the same time, suppresses interference to the other receivers using precoder U k ∈ C Nt×1 . The received signal of receiver k is given by 3 :
where L kj ∈ R + and H kj ∈ C 1×Nt are the long term path gain and channel fading coefficient from transmitter j to receiver k, respectively. s k is the information symbol at transmitter k. n k ∼ CN Denote U = {U k : ∀k} as the collection of the beamforming control actions of all the K Tx-Rx pairs.
For given CSI realization H and beamforming control actions U, the achievable data rate for the k-th
Tx-Rx pair (by treating interference as noise) is given by
C. Playback Buffer Model and Queue Dynamics
As illustrated in Fig. 1 , each receiver maintains a data queue for video playback. Let Q k (t) ∈ Q denote the QSI (number of bits) of the playback buffer at receiver k at the beginning of the t-th slot,
where Q = {0, 1, . . . , N Q } is the QSI state space and N Q is the playback buffer size. Let Q (t) = (Q 1 (t) , . . . , Q K (t)) ∈ Q Q K denote the global QSI. Hence, the queue dynamics for receiver k is given by
where [x] + = max{0, x} and µ k is the constant playback rate for receiver k.
The K queue dynamics in the interference network are coupled together due to the interference term in (2) . Specifically, the data rate of each Tx-Rx pair depends on the beamforming control actions of all the other Tx-Rx pairs. The cross-channel path gains {L kj : ∀k, j, k = j} determine the degree of the interference coupling in the network.
Assumption 2 (Weak Interference Network):
We assume the long-term cross-channel path gains are much smaller than that of the direct channel, i.e. for any k-th Tx-Rx pair, L kj L kk for all j = k.
Furthermore, denote L = max {L kj : ∀k, j, k = j} to be the largest cross-channel path gain. .
In practice, due to the MAC filtering effect in some protocols (such as CSMA) [20] , the interference in the cross links in the network cannot be too strong. As such, we shall exploit this weak interference coupling property in Section IV to derive closed-form approximate solution to the ergodic control problem.
D. Performance Metrics for Video Streaming
Unlike existing works that consider minimizing average delay (average queue length) for delay-sensitive data applications [21] , average delay is not a primary performance metric for video streaming applications.
Rather, the primary performance metrics are the playback interruption cost and the buffer overflow cost.
Playback interruption occurs whenever Q k (t) = 0 and this is undesirable to the user playback experience.
On the other hand, buffer overflow occurs whenever Q k (t) = N Q and this is also undesirable because the video packets have to be discarded and this causes wastage of wireless resource used to transmit these discarded packets to the users. Let χ = H, Q be the global system state. We define the playback interruption cost and buffer overflow cost of the user k up to time T starting from a given initial state χ(0) as
where E[·] means taking expectation w.r.t. the probability measure induced by some control policy (which is defined in Section III-C).
Remark 1 (Interpretation of the Playback Interruption and Buffer Overflow Costs): According to the definitions in (4) and (5), the playback interruption cost I Qk (T, χ (0)) can be interpreted as the number of video bits that could have been consumed by user k up to time T . Similarly, the buffer overflow cost B Qk (T, χ (0)) can be interpreted as the number of video bits that are dropped due to buffer overflow by user k up to time T .
III. HEAVY TRAFFIC APPROXIMATION AND PROBLEM FORMULATION
In this section, we obtain the diffusion limit of the discrete time queueing system in (3) using the heavy traffic approximation approach [15] . The associated stochastic control problem is to first allocate sufficient beamforming resource such that the capacity of the channel matches the playback rate for each user. Then, an amount of excess beamforming resource is allocated based on the global system state. We also formally formulate the ergodic excess beamforming control problem.
A. Network Equilibrium Control
We first consider the beamforming control for achieving network equilibrium, which is defined below.
Definition 1 (Network Equilibrium):
The network equilibrium is achieved if the average data rate equals the playback rate for each user k, i.e.,
Note that network equilibrium is equivalent to the network stability [10] , [11] for infinite buffer size N Q . We consider the beamforming control for achieving network equilibrium in the following lemma.
Lemma 1 (Minimum Power for Network Equilibrium): The minimum power required for the queueing network equilibrium is the solution to the following optimization problem 4 :
where
∀k is the equilibrium beamforming resource which depends on the CSI only.
∀k be the equilibrium beamforming vectors obtained from (6) . Note that the problem in (6) is a classical beamforming control problem in MIMO interference networks and the optimal U * (H) can be computed offline using numerical iterative algorithms [22] , [23] .
B. Scaled Queueing System and Diffusion Limit
In this subsection, we obtain the diffusion limit of the discrete time queueing system in (3) using the heavy traffic approximation approach [15] .
As is common in the heavy traffic analysis, we consider an embedded sequence of queueing system indexed by a scaling parameter n. The n-th queueing system of user k has data rate R n k and playback rate
be the queue length, cumulative arrival process and cumulative departure process for the n-th queueing system of user k, respectively. Therefore, the dynamics of Q n k (t) is given by
where A n k (t) and D n k (t) are given by
From Lemma 1, we would like to supply the equilibrium resource U * (H) so that the system operates at least in the network stability region. Furthremore, we would like to apply additional excess resource so that the performance of the video streaming system (playback interruption and buffer overflow costs)
can have some guarantee. Therefore, we consider the following beamforming control U n k (χ) applied to the n-th queueing system of user k:
where δU (χ) = {δU k (χ) : ∀k} is the excess beamforming control. Under (10), the data rate R k in (2) can be expressed as:
Lemma 2 (Linear Approximation of the Data Rates): Based on the decomposable structure of U n k in (10), the data rate R k in (2) can be expressed as
where Re{x} denotes the real part of x and ∇ Uj R k (H, U) is the partial gradient of R k w.r.t. U j which is given by
Proof: Please refer to Appendix A.
Next, we approximate Q n k (t) using its diffusion limit. Specifically, we apply standard spatial and temporal scaling on Q n k (t) and define the scaled queueing system q n k (t) as 5 :
Using the heavy traffic approximation technique in [15] , we obtain the diffusion limit of the queueing system sequence q n k (t) in (14) in the following theorem: Theorem 1 (Diffusion Limit of q n k (t)): Suppose the n-th queueing system satisfies the following:
• the playback rate µ n k = µ k and the data rate R n k = R k (H, U n (χ)) in (11) for all k.
• the beamforming action U n k (χ) satisfies (10) for all k.
Then, the scaled queueing system q n k (t) in (14) converges weakly 6 to a limiting process q k (t) as n → ∞,
The dynamics of the limiting queueing system q(t) =
and
are the reflection processes 7 associated with the lower queue boundary q k = 0 (∀k) and upper queue boundary q k = N Q (∀k), which are uniquely determined by the following equations [24] :
with M k (0) = N k (0) = 0 for all k.
Proof: Please refer to Appendix B.
Note that the two conditions in Theorem 1 ensure that the system operates in heavy traffic since we
. Furthermore, for video streaming applications, the randomness of the diffusion limit queue trajectory q(t) is only contributed by the randomness in the channel states H(t) (since the playback process for the video streaming systems is deterministic). In addition, the reflection processes M(t) and N(t) ensure that the queue length
. Based on the dynamics in (15), the equivalent Itô stochastic differential equation that describes the diffusion limit is given by
6 Here weak convergence means convergence in distribution, and we use X d = Y to represent that X and Y have the same probability distribution.
Remark 2 (Coupling Property of Diffusion Queue Limit):
The K queue dynamics for the heavy traffic limit in (19) are coupled together, since for each user k the dynamics of q k (t) depends on the excess beamforming control actions of all the K transmitters. According to (11) in Lemma 1, the fundamental reason for this coupling nature is due to the interference term in R k in (2).
We then have the following corollary on the playback interruption costs and buffer overflow costs for the diffusion limit system.
Corollary 1 (Playback Interruption and Buffer Overflow Costs for the Diffusion Limit System): Based on the definitions of the playback interruption cost and buffer overflow cost in (4) and (5), the corresponding scaled costs for the queueing system sequence converges to the reflection processes w.r.t. the lower and upper boundaries in (17) and (18), i.e.,
where we use χ n (0) = (H(0), {Q n k (0) : ∀k}) to denote the initial state of the n-th queueing system. Proof: Please refer to Appendix C.
Remark 3 (Interpretation of Corollary 1): Corollary 1 means that the limit of the playback interruption and buffer overflow costs for the scaled queueing system q n k (t) converges to M k (t) and N k (t), i.e., the lower and upper barrier reflection processes for the diffusion limit system q(t).
Therefore, we can use M k (t) and N k (t) to measure the playback interruption and buffer overflow costs for the diffusion limit system q(t). We shall elaborate more on the system costs together with the problem formulation in the next subsection.
C. Problem Formulation
Since the equilibrium beamforming resource U * is allocated according to (6), we focus our attention on formulating a stochastic optimization problem of allocating the excess beamforming resource δU. We first define the stationary excess beamforming control policy as follows:
Definition 2 (Stationary Excess Beamforming Control Policy): A stationary excess beamforming control policy for the k-th Tx-Rx pair Ω k is a mapping from the global system state (H, q) to the excess beamforming control action δU k of transmitter k. Specifically, we have
Furthermore, let Ω = {Ω k : ∀k} denote the aggregation of the control policies for all the K Tx-Rx pairs.
We then have the following definition on the admissible control policy.
Definition 3 (Admissible Control Policy):
A policy Ω is admissible if the following requirements are satisfied:
• For any initial state q(0), the queue trajectory q(t) in (19) under Ω is unique.
• Ω is a unichain policy, i.e., the controlled Markov process {q (t)} under Ω has a single recurrent class (and possibly some transient states) [9] .
Based on Definition 2, we define the partitioned actions below.
Definition 4 (Partitioned Actions): Given an excess beamforming control policy Ω, we define Ω (q) =
∀H is the collection of the excess beamforming control actions of the k-th Tx-Rx pair for all possible CSI H conditioned on a given QSI q. The complete excess beamforming control policy is therefore equal to the union of all partitioned actions, i.e., Ω = q Ω (q).
As a result, under an admissible control policy Ω, we define the total cost of the diffusion limit system up to time T starting from an initial given queue state q(0) as Therefore, we formulate the following ergodic excess beamforming control problem, which studies the tradeoff among the average excess power costs, playback interruption costs and buffer overflow costs.
Problem 1 (Ergodic Excess Beamforming Control Problem):
For some positive constants γ, β, the ergodic excess beamforming control (infinite horizon average cost) optimization problem is formulated
where ζ Ω γ,β (T, q(0)) is given in (22) .
IV. ASYMPTOTICALLY OPTIMAL CLOSED-FORM EXCESS BEAMFORMING CONTROL
In this section, we first derive an average cost optimality equation (ACOE) and propose sufficient conditions for achieving optimality of Problem 1. The ACOE of Problem 1 turns out to be a Kdimensional partial differential equation (PDE) and hence, one key obstacle is the lack of closed-form solution for the PDE. Yet, using the weak interference property of the wireless network, we adopt perturbation analysis and derive a closed-form approximate solution to the K-dimensional PDE as well as the associated error bound. Based on that, we derive a closed-form beamforming control solution, which is asymptotically optimal for sufficiently small cross-channel path gain L.
A. General Solution of Problem 1
Problem 1 is an ergodic control problem of diffusion processes, which has been well-studied in the continuous time optimal control theory [9] , [16] . The solution can be obtained by solving the average cost optimality equation (ACOE) as below.
Theorem 2 (Sufficient Conditions for Optimality):
Assume there exists a function V (q; L) of class
and θ that solves the following ACOE:
with boundary conditions
for all k, where
is the hessian of V (q; L).
If Ω * (q) attains the minimum of the R.H.S. of (24) for all q ∈ Q, Ω * is the optimal control policy for Problem 1. 
B. Perturbation Analysis of ∂V (q;L) ∂qk
We first define a base PDE as follows:
Definition 5 (Base PDE): A base PDE is the PDE in (24) with L = 0.
We first study the base PDE and show the decomposable structure of V (q; 0). In the following lemma, we summarize the decomposable structure of V (q; 0) of the base PDE.
Lemma 3 (Decomposable Structure of V (q; 0)): V (q; 0) and θ in the base PDE has the following decomposable structure:
where θ k and V k (q k ) satisfies 11 :
LkkW λk , and λ k satisfies
is the incomplete gamma function 12 .
Proof: Please refer to Appendix E.
Note that when L = 0, the interference network has L kj = 0 for all k = j and hence, there is no interference between all the Tx-Rx pairs. As a result, the K Tx-Rx pairs are totally decoupled and the system is equivalent to a decoupled system with K independent Tx-Rx pairs. Thus, the value function V (q; 0) in base PDE has the decomposable structure as in Lemma 3. Furthermore, based on Lemma 3, θ k can be obtained numerically by solving (27) and V k (q k ) is given in a closed-form expression in (28) .
Next, we study the PDE in (24) for small cross-channel path gain {L kj : ∀k, j, k = j} by treating it as a perturbation of the base PDE. Using perturbation analysis, we establish the following theorem on the approximation of ∂V (q;L)
∂qk . 11 As discussed in the previous subsection, we can focus on deriving the derivatives of the value function according to (24) . 12 The Meijer G-function is defined as M ({a1, . . . , an}, {b1, . . . , bm}, z) = can be approximated by ∂V (q;0) ∂qk = V k (q k ) and the first order perturbation term is given by:
where Proof: Please refer to Appendix F.
Based on Theorem 3, we propose the following closed-form approximation of
and the approximation error is O (L), which is asymptotically accurate w.r.t. the cross-channel path gain.
C. Closed-Form Excess Beamforming Control Solution
Based on the closed-form approximation of 
for each given realization H and q, where
Proof: Please refer to Appendix G.
Therefore, the optimal excess beamforming control can be obtained by solving (31) and is given by
The overall beamforming control solution is summarized in the following algorithm.
Algorithm 1 (Queue-Aware Beamforming Control Solution): At the beginning of each time slot t,
• Step 1 [Message Passing]: Each mobile user k broadcasts the local CSI {H kj (t) : ∀j} and the local QSI Q k (t) of the playback buffer to all the K BSs.
• Step 2 [Calculation of the Beamforming Control Actions]: Each BS k calculates the excess beamforming vector δU * k (t) based on (32).
• Step 3 [Data Transmission]: Based on U * k (t) and δU * k (t), the beamforming vector for BS k is therefore U k (t) = U * k (t) + δU * k (t). Using U k (t), BS k transmits video data to user k. Remark 5 (Implementation Considerations):
• Signaling Overhead: The signaling overhead required to implement the beamforming control scheme in Algorithm 1 is very small. Each mobile user k just needs to feedback the local CSI {H kj (t) : ∀j} and local QSI Q k (t) to all the BS. Note that the feedback can be done using measurement reports in practical systems (such as LTE [25] ) and is broadcast to all the K BS simultaneously.
• Computational Complexity: The computational complexity of the proposed algorithm in Algorithm 1 is very low. Specifically, the complexity comes from computing the approximate value function in (30) and computing the excess beamforming control in (32), which are both very low due to the closed-form approximation. The complexity of computing the approximate value function is very low compared with conventional brute-force value iterations algorithms [9] which has exponential complexity in K. Computing the excess beamforming control only requires a Hermitian transpose of a vector and thus the complexity is extremely low. Table I illustrates the comparison of the MATLAB computational time of the proposed solution, the baselines and the brute-force value iteration algorithm [9] .
V. SIMULATIONS
In this section, we compare the performance of the proposed beamforming control scheme for video streaming in Algorithm 1 with the following three baseline schemes using numerical simulations.
• Baseline 1, Zero-Forcing Beamforming (ZFBF) [26] : The K transmitters adopt zero-forcing beamforming and fixed power transmission. The beamforming vector of transmitter k is obtained by projection of H kk on the orthogonal complement of the subspace span [H jk ] j =k .
• Baseline 2, CSI-Only Excess Beamforming (COEBF): An equilibrium beamforming resource is first allocated according to (6) . Then, an excess beamforming resource is allocated by solving the flowing problem:
and α is used to adjust the tradeoff between the excess power and the data rate. The optimal excess beamforming control by solving the optimization problem is only adaptive to CSI.
• Baseline 3, Queue-Weighted Excess Beamforming (QWEBF) [10] : An equilibrium beamforming resource is first allocated according to (6) and an excess beamforming resource is allocated by solving the flowing optimization problem: min δUk δU k 2 + 2αRe Γ 
The optimal excess beamforming control by solving the optimization problem is adaptive to CSI and QSI.
In the simulations, we consider video streaming in a K-pair multi-antenna interference network, where the number of transmit antennas of each transmitter is equal to the number of Tx-Rx pairs. The complex fading coefficient and the channel noise are CN (0, 1) distributed. The direct channel long term path gain is L kk = 1 for all k and the cross-channel path gain is L kj = 0.1 for all k = j as in [27] . The video streaming streaming rate of each user is 1.5M bits/s. The decision slot duration τ is 10ms. The total bandwidth is 5MHz. Furthermore, we let γ k = β k = β for all k and vary β to obtain different tradeoff curves.
Specifically, we consider the following average costs as the performance metric for each user k: average Fig. 2 and Fig. 3 illustrates the average playback interruption cost and buffer overflow cost per user versus average transmit SNR per pair. The proposed scheme has significant performance gain over all the baselines. It can also be observed that there exists a tradeoff between the average playback interruption cost and the buffer overflow cost, and we cannot decrease them both by adjusting the transmit power.
From Fig. 2 and Fig. 3 , we can see that the best SNR region of using our proposed algorithm is around 13 
I
Q k and B Q k are given in (4) and (5). 14 of the MATLAB computational time of the proposed solution, the baselines and the brute-force value iteration algorithm [9] . Note that the computation time of Baseline 1 is the smallest in all different K scenarios and the reason is that Baseline 1 does not require excess beamforming calculation process and value function calculation. In addition, the computational time of our proposed scheme is close to those of Baseline 2, 3 and the difference is due to the computation of the approximate value function. Therefore, our proposed scheme achieves significant performance gain compared to all the baselines with small computational complexity cost.
VI. SUMMARY
In this paper, we propose an asymptotically optimal queue-aware beamforming control to support video streaming applications in multi-antenna interference networks. We formulate the associated stochastic optimization problem as an infinite horizon ergodic control problem for diffusion processes and derive the sufficient conditions for optimality. Using the weak interference property of the wireless network, we derive a closed-form approximate value function to the K-dimensional optimality equation and the associate error bound using perturbation analysis. Based on the closed-form approximate value function,
we propose an asymptotically optimal low complexity queue-aware beamforming control algorithm.
Numerical results show that the proposed beamforming control scheme has much better performance than the other baselines.
APPENDIX A: PROOF OF LEMMA 2
The decomposable structure of the data rates R k (∀k) follows the taylor expansion of a vector-valued function. Specifically, we have
. . .
where ∇ Uj R k (H, U) can be calculated as shown in (12) and (13) . Choosing the k-th element in (33),
we obtain the result in (11) in Lemma 2.
APPENDIX B: PROOF OF THEOREM 1
We adopt the heavy traffic approximation approach in [15] to obtain the diffusion limit. Denote a n k (t) =
T , a n (t) = [a n 1 (t), . . . , a n K (t)]
T . Then the dynamics of the n-th scaled queueing system is
Using (8), we have
Define x a,n = x a,n 1 , . . . , x a,n K T , and x a,n k (t) is given by
where (a) is due to (57b). By Donsker's theorem [24] , as n → ∞, x a,n converges weakly to a Kdimensional Brownian process, where the covariance between the i-th and j-th component in the Brownian 
According to the functional law of large numbers [24] , we have
and we denote
T . The scaled full buffer time for the queue with channel state H is T a,n
As a result, we can write a n (t) as
As a result, we can write d n (t) as
Therefore,
Note that M d,n (t) and N a,n (t) are also the reflection process [24] satisfying
Let q n k (0) converge to some q k (0). By (38) and the weak convergence of x a,n to ΣB(t), M d,n k (t) and N a,n k (t) converge to M k (t) and N k (t), which are given in (17) and (18) 
where M k and N k are given in (17) and (18) in Theorem 1. This completes the proof.
APPENDIX D: PROOF OF THEOREM 2
Suppose V (q) is of class C 2 (R K + ) and q k is an Itô process with dynamics in (19) . According to Itô's rule [24] , we have
Substituting (19) into (48), we obtain
Integrating w.r.t. t from 0 to T and taking expectation on both sizes for a given policy Ω, we have
where we denote
∂qk dB j (t) is a martingale process, then we have E Ω T 0 ∂V (q(t)) ∂qk dB j (t) = 0. According to prop.S4.(6), M k and N k increase only when q k = 0 and q k = N Q . Furthermore, we assume that 
Therefore, (50) becomes
Dividing T and add θ on both sizes, we obtain
∂V (q;L) ∂qk qk=NQ,∀qj,j =k = β k , and (θ, V (q)) satisfies the ACOE in (24), we obtain θ ≤ lim sup
where the equality is achieved when Ω minimizes the L.H.S. of the ACOE in (24) .
APPENDIX E: PROOF OF LEMMA 3
In the base PDE, since L kj = 0 for all k, j, k = j, the HJB equation in (24) becomes:
We have the following lemma to prove the decomposable structures of the value function and optimal average cost in the based PDE.
Lemma 5 (Decomposed Bellman Equation)
: Suppose there exist θ k and V k (q k ) ∈ C 2 (R + ) that solve the following per-flow ACOE:
θ k satisfy (54). We next solve the per-flow ACOE in (55). We first obtain the equilibrium beamforming vector U * k for the base PDE (L = 0). According to Lemma 1, U * k (∀k) for the base PDE can be obtained by solving the following problem:
2 is the magnitude of U k (H) and
2 is the unit direction of U k (H). Therefore, the solution of (57) is given by
Note that g k has a χ 2 distribution with 2N t degrees of freedom and the density is given by f g (x) = 1 (Nt−1)! x Nt−1 e −x . Therefore, we can calculate E [W log 2 (1 + L kk g k p * k (g k ))] as follows: LkkW λk = µ k . We then solve (55) based on the optimal equilibrium beamforming solution in (58) and (59). For any given H kk and q k , the optimal excess beamforming solution for (55) is given by:
Substituting (61) into (55), we can eliminate the min operator and we have
We calculate the expectation in (62) as follows:
and we have a k > 0.
can be calculated as
Based on (63) and (64), the PDE in (62) can be written as:
And we write it as 
Then, we calculated it as
By simple manipulation, we can obtain the closed-form expression of V k (q k ) in (28) . To obtain θ k , we use the boundary condition that V k (N Q ) = −β k and we have
Note that the L.H.S. of (68) is a decreasing function of θ k . Specifically, when θ k goes to 0, the L.H.S.
of (68) goes to infinity, and when θ k goes to infinity, the L.H.S. of (68) goes to 0. Therefore, (68) has a unique solution for θ k .
APPENDIX F: PROOF OF THEOREM 3
Taking the first order Taylor expansion of the L.H.S. of the HJB equation in (24) at L kj = 0 (∀k, j, k = j) and δU k = δU * k (where δU * k is the optimal control action given in (61) solving the per-flow ACOE), and using the parametric optimization analysis [29] , we have the following result regarding the approximation error:
where V kj (q) is meant to capture the coupling terms in V (q; L) which satisfies the following PDE: ∂Lkj is a constant (where we treat θ in the coupled system as a function of {L kj : ∀k = j}). Therefore, we can calculate d ii and d kj as follows:
where a i is given in (63), and
and we denote a kj = 
